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I. INTRODUCTION
Benchmarking methods are used for improving the temporal consistency between highfrequency series and low-frequency benchmarks. 2 The adjustment process eliminates the discrepancy between the sum or the average of high-frequency observations and corresponding low-frequency values. Benchmarking methods are typically used in the compilation of quarterly national accounts (QNA), where a set of quarterly indicators is "benchmarked" to more comprehensive and more consolidated benchmarks from the annual national accounts.
Benchmarking methods are also used to project the benchmarked series beyond the last available benchmark. Benchmarking methods calculate these projections (or extrapolations) based on the current values of high-frequency series and some functional relationship between the high-frequency series and the low-frequency counterparts. In the national accounts, compilers use benchmarking methods to extrapolate the quarterly GDP (and other main QNA variables) on the basis of a set of quarterly indicators.
The extrapolation of QNA is required for timeliness reasons. Quarterly data of national accounts variables (such as the quarterly GDP) precede the dissemination of the annual estimate, which is normally based on more comprehensive source data and, sometimes, a different methodology. Early estimates of QNA variables are often referred to as "flash" or "advanced" estimates, to give the idea of increased timeliness of these estimates. Economists also use the term "nowcasts" to indicate that these extrapolations take into account a partial set of information from the quarter under estimation.
Benchmarking methods can improve the accuracy and reliability of the QNA by minimizing the error between the extrapolated quarters and the annual estimate. Better extrapolations are essential to minimize the size of revisions in the QNA estimates when the new annual benchmark is incorporated in the QNA system. The purpose of this paper is to shed light on the predictive power of three benchmarking methods widely used in the QNA: the proportional Denton method; the proportional Cholette-Dagum method; and the regression-based Chow-Lin method. The performances of the methods are compared on the basis of simulated data and real-life data extracted from the IMF's International Financial Statistics (IFS) database.
The simulation exercise shows that each benchmarking method outperforms the others when the relationship between the quarterly indicator and the annual benchmarks is in line with the assumptions of the method. When the quarterly indicator is an unbiased, proportionally related measurement of the annual series, the Cholette-Dagum method is shown to provide the most accurate extrapolations of annual benchmarks.
Nevertheless, the same conclusion cannot be reached using real-life data. For the specific dataset used in this paper, the Chow-Lin method returned the smallest error in absolute terms. In contrast, the Denton method and the Cholette-Dagum method could not pick up differences in local trends between quarterly indicators and annual variables and produced on average worse extrapolations than Chow-Lin. It should be noted, however, that the Chow-Lin method manifested a tendency to underestimate annual growth and produce the largest amount of quarterly revisions.
The paper is organized as follows. The properties of the three benchmarking methods are reviewed in the next section. Section 3 presents the results of the simulation experiment. In section 4, the three methods are used to calculate annual projections of exports and imports of national accounts using quarterly merchandise trade statistics of 87 countries. Section 5 draws conclusions from this work, and provides suggestions for improving the results of benchmarking methods in the QNA compilation. The three benchmarking methods considered in this paper rely on different assumptions in extrapolation. Each method is discussed below.
II. BENCHMARKING METHODS IN
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This review focuses on three widely used benchmarking methods in the QNA context. For a broader review of other benchmarking and extrapolation methods, please refer to Dagum and Cholette (2006) .
Proportional Denton method
The proportional Denton method, as modified by Cholette (1984) , obtains the solution to the benchmarking problem by solving the following constrained minimization problem:
subject to 4 4 3 for 1,...,
The objective function (1) is known as proportional first difference (PFD) variant of the Denton method-or more simply, the proportional Denton method. It is called proportional because it is assumed that the quarterly benchmarked series is proportional to the values of the indicator.
The ratio in (1) is also called the quarterly benchmark-indicator (BI) ratio. The Denton method preserves the movements in the indicator by smoothing the quarterly BI ratios under the annual restrictions (2). The annual BI ratio is very helpful in analyzing the relationship between the annual benchmarks and the quarterly indicator.
5
A stable annual BI series over time is a sign of good relationship. When the annual BI ratio shows large and sudden variations, the quarterly indicator and the annual benchmarks are likely to present diverging movements.
When quarterly values of the indicator are available beyond the last annual benchmark (i. 
Equation (4) implies that the annual estimate for year m+1 is also calculated under the assumption of a fixed BI ratio of the fourth quarter of year m.
In extrapolation, the Denton method generates benchmarked series with quarter-to-quarter growth rates that are identical to those in the indicator. At first glance, this can be regarded an ideal approach for extrapolation However, this simple rule may generate distortions in the annual estimate when the annual benchmark m X and the corresponding quarters in m Y move at different rates in the last year (i.e., when the BI ratio in the last available year shows a significant change from the previous year). Carrying forward the quarterly BI ratio from the fourth quarter is equivalent to assuming that any deviation in the ratio between the annual benchmark and the indicator arising in the fourth quarter of the previous year persists in the following year. This assumption may not hold true, and could generate distortions in the extrapolations of important QNA variables, such as the quarterly GDP.
Proportional Cholette-Dagum method with AR(1) error Cholette and Dagum (1994) proposed a very general framework for benchmarking grounded in the generalized least-squares regression model. The Cholette-Dagum model encompasses (i) the presence of bias in the indicator, and (ii) the presence of autocorrelated and heteroschedastic errors in the original data. Furthermore, it allows for non-binding benchmarks (e.g., benchmarks that can be subject to adjustment). These characteristics make the Cholette-Dagum method very flexible to address different benchmarking problems.
A particular case of the Cholette-Dagum framework is the proportional benchmarking method with first-order autoregressive error (or AR(1) error). This method comprises the following three equations:
where t y is the quarterly indicator (possibly adjusted for a level bias); t x is the quarterly target series; t e is a quarterly auto correlated and heteroscedastic error; and n X is the annual series.
A proportional relationship between t y and t x is achieved by assuming that the quarterly error in (5) is proportionally related to the indicator, namely t t t e e y   .
The proportional Denton method can be seen as a particular (approximated) case of the proportional Cholette-Dagum method with AR(1) error. In fact, it can be shown that equations (5)- (7) lead to a minimization problem that converges to the one defined by Denton when 1
The value of the AR parameter  is very important in extrapolation. Its value determines how fast the benchmarked series t x converges to the (bias-adjusted) indicator t y . Values of  close to zero tend to converge quickly; conversely, values close to one maintain the fourth quarter BI ratio for the next year (similarly to Denton). Previous research on this topic provides guidance on how to best calibrate the value of  .
After some algebra manipulations on equations (5) (1 )
As for Denton, the extrapolated value 4m k x  remains based on the value of the indicator 4m k y  and the last quarterly error 4m e (which is a transformation of the BI ratio 4 4 m m x y ). However, the effect of the BI ratio is discounted by the AR coefficient as one moves away from the period 4m . As explained above, the AR parameter determines how fast the BI ratio converges to zero (and how fast 4m k x  converges to 4m k y  ).
The one-year-ahead estimate of the Cholette-Dagum method can be obtained by aggregation of the quarterly extrapolations in (8) (1 )
.
Regression-based Chow-Lin method Chow and Lin (1971) proposed a method for interpolating, distributing, and extrapolating time series based on a regression model using related indicators. The benchmarked series is derived from the best linear unbiased estimates (BLUE) of the regression parameters. The Chow-Lin method is presently used by some statistical agencies with sophisticated QNA systems.
7
The Chow-Lin method assumes a regression model between the true (unobserved) quarterly observations t x and a set of p quarterly related series 1, , ,..., t pt y y :
where
with t x the quarterly (unknown) target value; , 
    
Because t x is unobserved, equation (10) cannot be estimated at the quarterly frequency.
Chow and Lin assume that the same model applies for the annual data (which are observable). The BLUE of the regression coefficients can be obtained by maximum likelihood. In the common practice, the AR coefficient  is calculated using a scanning procedure within a pre-specified (stationary and positive) region.
The benchmarked series t x consists of the sum of two components: the regression component and the residuals component. It should be noted that the model (10)- (11) is partly proportional and partly additive. The estimated coefficient (plus the constant) rescales the indicator to the level of the benchmarks. However, the error is distributed without taking into account the size of the indicator. Dagum and Cholette (2006) show that the Chow-Lin model is a particular case of their regression-based additive model with a single indicator (note that the method discussed in this paper is the proportional version of the Cholette-Dagum model). The AR(1) assumption for t u is required for a smooth distribution of the quarterly errors, similarly to the CholetteDagum method with AR error. 
where 1 m U  is the sum of the quarterly extrapolated residuals 4m k u  .
III. ASSESSMENT USING SIMULATED DATA
The objective of this exercise is to assess the out-of-sample performance of the proportional Denton method, the proportional Cholette-Dagum method with AR (1) error, and the regression-based Chow-Lin method under different simulated scenarios. Annual projections for the three methods are obtained as the sum of quarterly extrapolations on the basis of equations (4), (9), and (12), respectively. For Cholette-Dagum, the AR parameter  is fixed to 0.84. For Chow-Lin, the regression model includes a constant term and one indicator. The coefficients are estimated by maximum likelihood. The AR coefficient  is estimated using a scanning procedure within the range [0.70; 0.99].
The simulation exercise is designed as follows. The quarterly indicator is simulated according to a first-order integrated AR model The annual series n X is generated under five different scenarios, which assume different relationships with the simulated indicator series t y . The relationships are defined in terms of annual BI ratio. Each scenario is described below.
Scenario 1: Random noise in the extrapolated year
Scenario 1 assumes that the ratio between the annual variable n X and the annuallyaggregated indicator n Y follows a normally distributed process, that is
with (1.05, 0.01)
. In other words, the BI ratio is assumed to be stable around the mean. This amounts to saying that the quarterly indicator t y is an unbiased measurement of the annual benchmarks n X , and any deviation from the average BI ratio is expected to be small and unpredictable.
Annual benchmarks n X are generated based on equation (14) for each of the 20,000 t y series produced. Then, the three benchmarking methods are used to calculate quarterly extrapolations for the last simulated year (e.g., year 10). The final annual observation ( 10 X ) is not included in the benchmarking process, whereas all 40 quarterly values of the simulated indicator t y are considered.
To evaluate the relative performance of the methods, the one-year-ahead prediction error for year 10 of all the series j is obtained by calculating the relative difference (in percent) between the one-year-ahead estimate (from the three methods) and the true annual value:
where 10, j X is the true annual value of series j for year 10, 10, j X is the one-year-ahead estimate obtained using (4), (9), or (12), and j denotes one of the 20,000 series. The mean absolute error (MAE) is calculated as 10, 12 0, 000 Figure 1 shows the MAE computed on the 20,000 simulated cases under Scenario 1. The Cholette-Dagum method attains the lowest MAE, with an absolute average error of around one percent, followed by Denton (1.24 percent) and Chow-Lin (1.53 percent). This result confirms that the Cholette-Dagum method with AR(1) error performs very well in extrapolation when the BI ratio moves randomly and does not present any systematic deviation in the extrapolated year. As expected from the proportional assumption between the variables, the two proportional benchmarking methods (Denton and Cholette-Dagum) outperform Chow-Lin. In effect, the Chow-Lin method applies an additive distribution of the residual component that disregard the relative size of the indicator. Scenario 2 assumes that the BI ratio for the extrapolated year moves along the same direction of change shown in the previous year. As explained in the IMF's QNA manual (IMF, 2014) , this is a favorable condition for the Denton method. When the annual BI ratio moves along a trend, the quarterly BI ratio will also move along that trend. By taking the last quarter BI ratio, the Denton method is implicitly projecting that the trend in the BI ratio will (partially) persist in the extrapolated year.
Scenario 2 is still based on equation (14), with the annual observation 10, j X modified as 10, 9, 9, 8, 9, 8, 10, 9 , . This is in line with expectations, as the Cholette-Dagum method assumes that the BI ratio converges towards the average BI ratio. This is shown in the next scenario.
Scenario 3: Convergence towards the average BI in the extrapolated year
In this scenario the annual BI ratio for the extrapolated year is assumed to converge to the average BI calculated from the previous nine years, that is 9 10 9 1 10 9 1 0.5 0.5 9
As clear from the right-hand side of Figure 2 , the Cholette-Dagum method performs at its best under this assumption (the MAE goes down to 0.3 percent). The AR mechanism for the error process ensures that the extrapolated BI converges towards its mean. The chosen value for the AR coefficient (0.84) is such that the extrapolated BI ratio is the mid-point between the last quarterly BI ratio and its historical average, in line with the assumption used for this scenario. Both Denton and Chow-Lin obtain smaller out-of-sample errors than in previous scenarios, but much larger ones than Cholette-Dagum in this scenario.
Scenario 4: Additive BI
The first three scenarios assume proportionality between the target variable and the indicator. Clearly, this assumption facilitates the work of proportional benchmarking methods, like Denton and Cholette-Dagum; in contrast, the Chow-Lin method, which postulates a model with additive distribution of the residuals, is penalized. Scenario 4 simulates the target variable n X as the sum of an indicator n Y (as derived from the simulated t y ) and a white-noise error n U ,
The error term n U is normally-distributed with (25, 15 ) N . The chosen values for the mean and variance of the normal distribution allow for sufficient difference (in the levels and rates of change) between the benchmarks n X and the values of the annually-aggregated indicator n Y . Figure 3 shows the MAE statistics for the three methods for Scenario 4 (left-hand side). Chow-Lin clearly outperforms proportional methods when the additive model (16) is used. This change puts the Chow-Lin method under ideal conditions. In fact, the Chow-Lin method assumes that an AR(1) model for the quarterly residuals.
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In fact, Figure 3 (right-hand side) shows that the Chow-Lin method slightly improves its performance under this scenario. Conversely, the performance of the two proportional benchmarking methods largely deteriorates in Scenario 5 relative to Scenario 4. This finding highlights that proportional benchmarking methods like Denton or Cholette-Dagum are likely to produce inferior out-ofsample results when the difference between the benchmarks and the indicator is autocorrelated.
IV. AN APPLICATION TO NATIONAL ACCOUNTS DATA
The national accounts data considered are annual exports (X-NA) and imports (M-NA) of goods and services. The quarterly indicators are exports of goods (X-MTS) and imports of goods (M-MTS) from the merchandise trade statistics (MTS). MTS data are generally used to compile exports and imports of goods in the national accounts, so it is expected that the quarterly indicators are highly correlated with the annual counterparts. For many countries, however, trends in total exports and imports are found to deviate from those in MTS data due to different movements in the service component. X is the one-year-ahead estimate of each method, and n is a time index covering the six years 2007-2012. Overall, the exercise generated a total of 3,132 one-yearahead estimates (i.e., 2 series x 87 countries x 6 years x 3 methods). Mean absolute error (MAE), mean error (ME), and standard deviation (SD) are calculated from all the 3,132 annual extrapolation errors ,i n E .
Furthermore, in the national accounts application the three methods are also compared in terms of revisions. The benchmarking process produces revised numbers when annual forecasts are replaced by actual values. Clearly, it is desirable that the benchmarking process minimizes the size of revisions. In particular, the impact on the short-term movements should be limited. To detect this revision effect, the mean absolute revision (MAR) of the latest three years of quarterly changes is used
where the superscripts ( 1 m X  ) and ( m X ) indicate the final annual observation used in the benchmarking process. Table 1 presents the MAE, mean error (ME), standard deviation (SD), and mean absolute revision (MAR) statistics for X-NA and M-NA. The Chow-Lin method produces the most accurate extrapolations with this dataset. In fact, the Chow-Lin method yields a lower MAE than the Denton and Cholette-Dagum methods for both X-NA and M-NA. A possible explanation for the inferior performance of Denton and Cholette-Dagum is that the two methods are unable to pick up the different trends shown by exports and imports of services, which are not covered in the MTS data. On the other hand, the Chow-Lin method detects such differences and incorporates this information in the estimated regression coefficients and residuals. This helps improve the accuracy of its one-year-ahead estimates.
For similar reasons, Denton performs slightly better than Cholette-Dagum. Denton is expected to perform better then Cholette-Dagum (with AR(1) error) when the difference (or the ratio) between the annual benchmarks and the indicator series show a slowly moving trend (i.e., when the BI ratio moves along an upward or downward trend). This tendency seems to be present in this dataset. Panel (b) of Figure 4 shows the annual BI series, including the ratio for 2012 (which is considered "unknown" at the time of the projection). The sharp movements in the BI ratio between 2008 and 2010 show that X-NA and X-MTS for Morocco grew at very different rates during those years, which makes the extrapolation task for mechanical benchmarking methods such as Denton and Cholette-Dagum extremely complicated.
Notwithstanding the lowest MAE value, the Chow-Lin is shown to underestimate the true annual value for many series. In fact, the mean error (ME) statistic for Chow-Lin shows on average 2.1 percent downward bias in the one-year-ahead estimate for both X-NA and M-NA. In contrast, both Denton and Cholette-Dagum do not present evidence of bias in their projections. Figure 5 shows the case of Jamaica's exports, where the Chow-Lin produces a downward biased out-of-sample estimate of 2012. Most likely, the Chow-Lin method yields (downward) biased projections in this exercise because of misspecified regression models. For simplicity, the specification used for this exercise includes only a constant term and one indicator (i.e., either X-MTS or M-MTS). For many series, this specification is not sufficient to explain the variance of the dependent variable. The estimated residuals often show serial correlation, which is again a sign that the dependent variable (i.e., the annual benchmarks) and the independent variable (i.e., the indicator series) move in different directions. Model specifications can be improved, for example, by adding a linear deterministic trend. With better specified regression models, the Chow-Lin method is likely to produce unbiased projections.
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Table 1 also shows that the Denton method produces slightly better results than the CholetteDagum method in extrapolation. The MAE of Denton is smaller than the one of CholetteDagum for both X-NA and M-NA. As mentioned earlier in the paper, Denton produces accurate extrapolations when the BI ratio moves steadily along a trend. Figure 6 shows the example of Ireland's imports. For this case, the Denton method is expected to perform better than the Cholette-Dagum method with AR(1) correction.
Instead, the Cholette-Dagum is expected to outperform Denton when the BI ratio converges toward the average BI ratio. This happens, for example, in the case of Brazil's exports for the year 2012 (Figure 7 ). The BI ratio for this series presents large changes from one year to the next; however, the ratio seems to be moving around its average level. This condition favors the Cholette-Dagum method because the AR(1) mechanism projects the last quarterly BI ratio towards the average. In the specific case of Brazil's exports, both the Denton and Chow-Lin projections remain much lower than the Cholette-Dagum projections.
13 Subsequent experiments with this dataset showed that the Chow-Lin method returns unbiased projections when both a linear trend and a quadratic trend are added to the indicator-plus-constant specification. The last row of Table 1 reports the standard deviation of ,n i E . The Chow-Lin method also appears to produce more stable results across the countries than the two other methods.
In terms of revision, Denton is slightly superior to Cholette-Dagum for both variables. In contrast, Chow-Lin appears to produce the largest amount of revisions. This is likely to be attributed to the changes in the estimated parameters from adding one annual observation in the regression model. Generally speaking, regression-based techniques that involve parameter estimation are expected to generate more revisions than mechanical benchmarking methods such as Denton.
One additional finding relates to the quarterly periods covered by annual benchmarks. The Chow-Lin method tends to produce smoother benchmarked series than Denton and CholetteDagum when the correlation between the indicator and the annual series is low. In such cases, the residuals of the Chow-Lin regression model tend to be unrelated with the shortterm movements in the indicator, for they are distributed on the basis of a pure AR(1) error model. When the estimated fit is poor, the residual component is likely to dominate the variance in the benchmarked series. Consequently, the Chow-Lin method is expected to produce benchmarked series with rates of change that deviate from those of the indicator. Conversely, the Denton method is designed to preserve as much as possible the rates of change of the indicator, whatever is the relationship between the two variables. Figure 8 shows the example of Armenia's imports, where the Chow-Lin method (red line) produces a smoother benchmarked series than Denton (black line). This is obtained at a cost of a larger distance from the movements shown by the indicator. 
V. CONCLUSIONS
This paper analyzes the out-of-sample accuracy of three widely used benchmarking methods in the compilation of QNA: the proportional Denton method; the proportional CholetteDagum method with AR(1) error; and the regression-based Chow-Lin method.
The simulation exercise shows that the performance of each method improves when their underlying assumptions about the relationship between the quarterly indicator the annual benchmarks are met. When the quarterly indicator is proportionally related to the annual benchmarks, and in absence of systematic patterns in the extrapolated year, the proportional Cholette-Dagum method with AR(1) error provides the best performance. Denton performs at its best in extrapolation when a local bias from the previous year persists in the next year. Finally, when the indicator and the benchmarks are not proportionally related, the Chow-Lin guarantees better results than proportional-based methods like Denton and Cholette-Dagum. This is even more so when the quarterly error presents autocorrelation.
The comparison based on a sample of national accounts data tells a different story. The objective was to calculate one-year-ahead estimates of annual exports and imports data of national accounts using merchandise trade statistics for 87 countries. In most cases, the Chow-Lin method is shown to produce the most accurate extrapolations. The service component (i.e., which is included in the annual exports and imports series of national accounts, but not in the quarterly indicators) is better captured by the Chow-Lin regression model than purely mechanical adjustment methods such as Denton and Cholette-Dagum, especially for those countries with diverging trends between exports and imports of goods and services. On the other hand, the results also show that the Chow-Lin method systematically understates the true annual value due to misspecifications of the regression model. Furthermore, a larger amount of revisions to quarterly changes is noted in the results from the Chow-Lin method compared with the other methods. Needless to say, these findings are specific to the dataset used and cannot be generalized.
This paper contains useful results that can help improve the quality of QNA estimates. They suggest that a time series analysis of the annual BI ratio -the ratio between the annual benchmarks and the annually aggregated indicator series -is crucial in identifying breakdowns in the historical relationship between the annual benchmarks and the quarterly indicator, especially for the most recent periods.
In particular, the time-series properties of the annual BI ratio may help determine which of the three benchmarking methods can provide the best results in extrapolation:
 When the annual BI ratio moves closely around an average level, the proportional Cholette-Dagum method with AR(1) error is expected to provide the best results.
Overall, the simulation experiment shows that calculating extrapolations by assuming convergence-toward-mean for the BI ratio is a safety net against over-or underestimation of annual benchmarks;  When the annual BI ratio moves along a stable and systematic trend, the Denton method should provide accurate extrapolations. However, a BI ratio showing a trend implies that the indicator is not a good indicator for the annual variable, as the two variables may be moving along different trends;

When the annual BI ratio shows large variations from one year to the next, a proportional assumption may not be tenable. Proportional benchmarking methods provide inaccurate extrapolations if the proportionality assumption is not met by the data. In such cases, the Chow-Lin method could provide more accurate results than the proportional versions of the Denton and Cholette-Dagum methods. The Chow-Lin regression-based approach may also lead to improved results in extrapolation thanks to a better fit with actual data.
Finally, this paper shows that extrapolations based on the Denton method, the CholetteDagum method, and the Chow-Lin method differ the most when the short-term indicator fails to "nowcast" accurately the current developments of the annual variable. In contrast, the three methods provide very similar results when the quarterly indicator closely tracks the annual target series. Therefore, the choice of the benchmarking method becomes less important when the QNA estimates can rely on accurate quarterly indicators.
